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Abstract 
The dynamic nature of modern workshops and the change in availability of manufacturing equipment affects the allocation of manufacturing 
jobs. In order to cope with these requirements a module that ranks manufacturing equipment and proposes the best fitted machine to perform a 
specific manufacturing task according to capabilities, availability and suitability is needed. This paper presents such a framework for allocating 
tasks to manufacturing equipment according to the capabilities, the availability and the running cost of the manufacturing equipment. The 
decisions are made by using a multi-criteria decision making tool running in a Cloud environment with data being fed through web based 
protocols. The novelty of the proposed system lies in the fact that the solution is based on a Cloud Manufacturing environment and the selection 
process is based on the latest information regarding the machine tool data, received through a web interface. The functionality of the module is 
illustrated through a case study. 
© 2015 The Authors. Published by Elsevier B.V. 
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1. Introduction 
Job allocation in small and medium manufacturing 
enterprises is usually done through a predefined production 
schedule that takes considerable effort to be composed. Urgent 
and non-scheduled jobs are also common in SMEs and are 
characterized by a small batch numbers of parts. The Cloud 
Manufacturing paradigm promises to help SMEs in this 
dynamic environment [1]. A series of cloud based services 
have already started to emerge; facilitating the work 
undertaken in SMEs. This paper presents a job allocation 
module that works as part of a Cloud Manufacturing 
environment and aids the better allocation of manufacturing 
resources. The module is using the latest information to assess 
the available manufacturing equipment and suggest the most 
suitable one for performing the machining task at hand. 
The remaining of this paper is organized as follows:  
Section 2 reviews the state of the art in the subjects of Cloud 
Manufacturing and machine selection. The structure of the 
proposed module is presented in Section 3, while Section 4 
details on the proposed algorithm, followed by a case study in 
Section 5. Finally, Section 6 contains concluding remarks and 
future work in this module.   
2. State of the art 
The selection of the manufacturing equipment according to 
its characteristics has been an area of active research in the 
past years. Most of the research tackles the selection of 
machine tools by ranking them according to the capabilities of 
each machine. The main focus of most of the modules 
developed in the literature is to aid decision making in 
purchasing new equipment. 
Chung and Peng [2] presented an environment for selection 
of machine tools and cutting tools from a collection of 
machines that validate a series of constraints, like maximum 
workpiece size, spindle speed and motor power and minimum 
machining cost. 
Ayag and Ozdemir [3-5] proposed an integrated approach 
using the modified TOPSIS and fuzzy Analytical network 
process (ANP) in order to determine the relative weights of a 
set of criteria and rank competing conceptual design 
alternatives in terms of overall performance. The ranking 
produced by TOPSIS took into consideration a series of 
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criteria including Productivity, Flexibility, Space, 
Adaptability, Precision, Reliability, Safety and environment, 
Maintenance and Service. 
A machine tool selection module using linear 
programming was the research focus of Jahromi and 
Moghaddam [6]. They developed a linear integer 
programming model for the dynamic machine-tool selection 
and operation allocation for a flexible manufacturing system. 
The objective function used for selecting the machines was 
the overall production costs. The constraints considered 
included machine availability, tool-life and precedence 
relationship. 
Duran and Aguilo [7] used fuzzy Analytical Hierarchical 
Process AHP method to rank turning CNC machines 
according to a series of attributes including the flexibility, 
operation easiness, reliability, quality, implementation 
easiness and maintainability of three possible machines. 
Fuzzy AHP is an extension of the classic AHP methodology 
proposed by Saaty [8], which also uses the fuzzy set theory to 
account for unquantifiable, incomplete and partially known 
information. 
Nguyen et al. [9] presented a hybrid approach of the fuzzy 
ANP and COPRAS-G to select the most suitable machine tool, 
based on twelve attributes, including the ones presented by 
Aygar and Ozdemir [3-5]. 
In the field of milling tools, many studies have created 
AHP ranking of milling machines according to the properties 
of the individual component, properties of each alternative 
[10], or machine tool properties in general [11].  
The area Cloud Manufacturing has been explored by 
several researchers and a series of architectures and services 
have been introduced to use the advanced capabilities of cloud 
computing and to facilitate the work in SMEs. 
A big part of the literature is focused on the architecture 
the challenges and the enabling technologies for the adoption 
of Cloud Manufacturing environments in industry. Yang et al. 
[12] proposed an architecture involving a Cloud based 
prognosis system, while discussing the challenges associated 
with such systems. Wang et al [13] presented the structure of 
a cyber-physical system for Cloud Manufacturing. The way 
Cloud Computing could aid the manufacturing sector and 
create a Cloud Manufacturing environment was presented by 
Xu [14]. Wang [15] presented a Cloud based manufacturing 
system for availability monitoring and process planning.  
A series of studies have also presented the development of 
services for use on a Cloud Manufacturing environment. 
Anbalagan et al [16] presented a Cloud based feature 
recognition system that was designed to work as part of an 
adaptive process planning system. Tapoglou et al [17] 
presented a system for optimisation of cutting conditions that 
acted in tandem with a Cloud Manufacturing system. 
3. Job allocation service structure 
The job allocation service introduced in this paper is 
designed to use the latest information from the workshop in 
order to take a well-informed decision on the machine that is 
most suitable to perform a specific machining task. The job 
allocation service was designed to be a part of a Cloud 
Manufacturing environment similar to the one presented by 
Wang et al [15]. As part of this integration, a series of well- 
Fig. 1. Structure of the job allocation service. 
defined interfaces with other web services were established, 
such as the feature recognition software [16] and the 
availability monitoring service [18-19].  
The structure of the job allocation module is presented in 
Fig. 1. As it can be seen the service runs on a cloud server 
under the Software as a Service (SaaS) framework and is 
linked with the feature recognition module as well as with the 
availability monitoring module. After logging in to the service, 
the user can edit the parameters of the selection algorithm as 
well as the source of the availability data. When the user 
wants to allocate a job, he can import the machining features 
to be machined and request the allocation of that job to a 
machine. At that point the algorithm of the system, running on 
the cloud, collects the information regarding the available 
machines and their characteristics from the Cloud based 
availability monitoring module. After receiving the data 
through the web based interface, the algorithm ranks the 
available machines and informs the user regarding the most 
suitable machine for performing the job to be assigned.   
In more detail, the interface with the availability 
monitoring module provides information regarding the 
availability of the machine tools and cutting tools as well as 
the characteristics of both the machine and the cutting tools. 
The data received from the monitoring module are 
summarized in Table 1. 
Table 1. Data received from the availability monitoring module. 
Dynamic Data Static Data 
Available machines Machine ID Energy consumption 
Available times windows Axis travel Rapid feed per axis 
Available tools per machine Spindle power Machining accuracy 
 No of axis Running cost 
 
After these data are received the dimensions of the part are 
also imported. The dimensions of the part are correlated with 
the axis travels in order to promote machines that are better 
fitted to the dimensions of the part. This helps with the better 
allocation of manufacturing resources to the specific job. Next 
the calculations of the proposed module take place. These 
calculations responsible for ranking the available machines 
according to their characteristics and the suitability as far as 
the workpiece dimensions are concerned. To achieve this 
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ranking the current module uses the analytical hierarchical 
process (AHP) to rank the alternatives according to a set of 
characteristics. 
4. Decision making methodology 
The Analytical Hierarchical Process is used to rank 
solutions in complex decision making environments. The 
AHP method decomposes the decision problem in a hierarchy 
of sub-problems which is easier to comprehend and can be 
subjectively evaluated. The subjective evaluations are 
converted into numerical values and processed to rank each 
alternative on a numerical scale. The methodology of the 
AHP is summarised in the following steps. 
Step 1  
Decomposition of the problem into a hierarchy composed 
of goals, criteria, sub-criteria and alternatives. The 
hierarchical structure in AHP comprises of a decision goal 
which sits at the top level. Just under the decision goal the 
criteria in which each alternative is evaluated sit. In turn these 
criteria are split up into sub criteria. The third layer of the 
structure comprises of the alternatives which are subject to 
ranking.  
Step 2 
The second step in the AHP calculations is the 
determination of the relative importance of each criterion with 
respect to the chosen goal. In order to do that a series of 
pairwise comparisons are made between the evaluation 
criteria. These comparisons are done using the scale presented 
in Table 2.  
The comparisons described above are organised into a 
comparison matrix between criteria. This matrix has the main 
diagonal entries equal to 1 since the comparison between a 
criterion and itself should always be of equal importance. In 
the comparison matrix the element aij denotes the comparative 
importance of criterion i with respect to criterion j. Moreover, 
the following property must be valid. aij=1/aji. 
Table 2. Pairwise comparison scale. 
Scale  Degree of preference 
1 Equal importance 
3 Moderate importance of one factor over another 
5 Strong or essential importance 
7 Very strong importance 
9 Extreme importance 
2,4,6,8 Intermediate values  
Reciprocals Reflecting dominance of second alternative compared 
with the first 
 
Step 3 
The next step of the process is calculating the ranking of 
each criterion through the calculation of the eigenvector of 
criteria comparison matrix. The elements of the normalised 
eigenvector are termed weights with respect to the criteria or 
sub-criteria and ratings with respect to the alternatives. 
 
 
 
Step 4 
In order to calculate the deviation or the degree of 
consistency of the data, the consistency index must be 
calculated. This index is given by the following equation.  
ܥܫ ൌ ߣெ௔௫ െ ݊݊ െ ͳ  (1) 
where λMax is the maximum eigenvalue of the judgement 
matrix and n is the number of alternatives.  
Finally, the consistency ratio, which is a comparison 
between the consistency index and the random consistency 
index, is calculated using Eq. 2. 
ܥܴ ൌ ܥܫܴܫ (2) 
Table 3.  Random index values. 
Criteria 3 4 5 6 7 8 9 10 
RI 0.52 0.89 1.11 1.25 1.35 1.4 1.45 1.49 
 
Step 5 
Pairwise comparisons of each alternative take place for 
each criterion. The table created by this process describes the 
degree of which each alternative fulfils the specific criterion. 
In order to get the ranking of the alternatives in this criterion 
the process described in step 3 is followed. In the case of 
quantitative data, the ranking is obtained by ranking the 
alternatives according to their value of the specific criterion 
and normalising them. 
Step 6 
In order to get the overall ranking the local ratings are 
multiplied by the weights of the criteria and aggregated to get 
global ratings. 
In the proposed module eight criteria where used to 
compare the alternatives. The selection criteria, as well as the 
correlation with the data acquired are presented in Table 4. 
 Table 4. List of selection criteria with the evaluation criteria.   
Criterion Correlated data 
Machining Space Part dimensions, machine axis travels 
Productivity Spindle power, Rapid traverse speed 
Eco Efficiency Power consumption 
Adaptability Number of axis 
Precision Accuracy 
Economy Running cost 
Availability Availability window 
Tool Suitability Available tool dimensions, Part characteristics  
5. Case Study 
A case study of the proposed system was conducted to 
demonstrate the functionality of the proposed system. The 
machining of a prismatic part was to be assigned to a machine 
in a workshop comprised by five milling machines, the 
specifications of which were chosen from the literature [10].  
664   Nikolaos Tapoglou and Jörn Mehnen /  Procedia CIRP  41 ( 2016 )  661 – 666 
 
Fig. 2. Case study part. 
The characteristics of the part are presented in Fig. 2. After 
uploading the machining feature list, the user can request 
from the system to select the machine that is most suitable for 
machining the specific part. 
After the request command is submitted by the user, the 
system automatically retrieves the machine tool 
characteristics and available tools. The data for the case study 
are presented in Table 5.  
Table 5. Machine tool characteristics used for the case study. 
Machine Name M1 M2 M3 M4 M5 
Axis travel 
(mm) 
1300/11
00/1000 
1120/51
0/510 
1050/56
0/460 
2000/14
00/1200 
762/508
/610 
Spindle power 
(kW) 
37 18.7 11 30 30 
Energy con-
sumption (kW) 
8 7 7 17 6 
No of axis 3 3 3 3 3 
Rapid feed per 
axis (m/min) 
40 36 30 50 22.86 
Machining 
accuracy (mm) 
0.002 0.005 0.001 0.001 0.004 
Cost (£/h) 500 300 600 600 300 
Available 
window (h) 
5,4 10 5 2 - 
Tools 3 2 4 10 5 
 
The system has a default set of values set for the criteria 
pairwise comparison matrix, which can be edited by the user 
through the web environment of the application. The values 
used for this case study are presented in Table 6. 
Table 6. Criteria pairwise comparison matrix. 
 C1 C2 C3 C4 C5 C6 C7 C8 
C1 1 3 4 2 3 2 1/5 2 
C2 1/3 1 2 1/3 1 1/3 1/3 1/3 
C3 1/4 1/2 1 1/3 1/3 1/2 1/5 1/4 
C4 1/2 3 3 1 1/5 1/5 1/5 1/3 
C5 1/3 1 3 5 1 1 1/3 1/3 
C6 1/2 3 2 5 1 1 1/3 1 
C7 5 3 5 5 3 3 1 2 
C8 0.5 3 4 3 3 1 1/2 1 
The consistency ratio for the criteria pairwise comparison 
matrix presented above is equal to CR=0.0997<0.1. After 
calculating the eigenvectors of the comparison matrix, the 
weights (w) for each criterion are calculated. The weights of 
the criteria are presented in Table 7. 
Table 7. Weights of the criteria. 
 C1 C2 C3 C4 C5 C6 C7 C8 
w 0.169   0.056 0.038  0.059  0.095  0.124 0.306   0.153 
 
As it can be observed, the criterion which plays the 
predominant role in the selection is the Availability (C7), 
followed by the Machining space (C1), and the tools that are 
available on the tool magazine (C7).  
Next, the individual ranking for every alternative of each 
criterion is calculated. In the case of machine M1 there are 
two available slots for machining, which are considered as 
different alternatives. Also since machine M5 does not have 
an available slot it is not considered as a candidate solution.  
The total scores for all the alternatives are presented in Table 
8. 
Table 8. Scores for the alternatives on each criterion. 
 C1 C2 C3 C4 C5 C6 C7 C8 
M11 0.162 0.254 0.170 0.2 0.205 0.2 0.192 0.208 
M12 0.162 0.254 0.170 0.2 0.205 0.2 0.153 0.208 
M2 0.274 0.153 0.148 0.2 0.128 0.12 0.384 0.083 
M3 0.280 0.103 0.148 0.2 0.230 0.24 0.192 0.194 
M4 0.120 0.233 0.361 0.2 0.230 0.24 0.076 0.304 
 
In order to obtain the total ranking for every alternative the 
weights of each criterion are multiplied by the score of the 
alternative on that specific criterion. The results for the case 
study are presented in Table 9. 
Table 9. Overall score of the alternatives. 
 Name Score 
M11 M1 0.1947 
M12 M1 0.1828 
M2 M2 0.2296 
M3 M3 0.2106 
M4 M4 0.1802 
 
According to the results the machine that is most suitable 
for machining the specific job is M2, which has the highest 
score, followed by M3. As pointed out previously the most 
important criterion in a selection process is the availability 
followed by the machining space criterion. Alternative M2 
scores very high on both criteria and thus is promoted as the 
predominant solution by the module. 
The system presented above is hosted on a cloud server to 
which a user has access through a dashboard webpage. The 
users have to log in to the system with a set of credentials that 
give them the ability to alter the comparison matrix or just run 
the machine selector. The dashboard webpage has designed to 
provide access to all the availability data as well as to give to 
the user the ability to alter the sources of the availability data 
and the settings of the decision making algorithm. The user  
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Fig. 4. The mobile version of the graphical user interface. 
 
interface is presented in Fig 3. The mobile version of the 
environment is presented on Fig 4. 
6. Conclusions 
The allocation of tasks to manufacturing resources in an 
efficient way could help manufacturing SME’s improve their 
competitiveness through the better utilization of the available 
equipment. The job allocation module presented in this paper 
is based on a cloud environment and is able to coordinate with 
other services through well-defined interfaces in order to 
allocate the manufacturing job to the most appropriate 
machine while taking into consideration the availability 
windows of the machines. The service presented is equipped 
with a web based graphical user interface that is used to 
interact, tune and activate the algorithms running on the 
server side. The graphical user interface is designed so that it 
is able to run on any PC and mobile device without the 
installation of a special add in. 
The internal algorithm for the ranking of the manufacturing 
equipment is the Analytical Hierarchical Process which is 
able to cope with qualitative and quantitative criteria. The 
method uses a default set of criteria interrelationships which 
can be modified to suit the end users’ needs and targets. 
The proposed framework can be further improved with the 
addition of machining time and energy consumption 
estimation, tools that would be able to improve the selection 
process. Also the presented module could be developed to 
support other selection methods. 
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